Abstract: Today, the increased public concern about sustainable development and more stringent environmental regulations have become important driving forces for value recovery from end-of-life and end-of use products through reverse logistics. Waste electrical and electronic equipment (WEEE) contains both valuable components that need to be recycled and hazardous substances that have to be properly treated or disposed of, so the design of a reverse logistics system for sustainable treatment of WEEE is of paramount importance. This paper presents a stochastic mixed integer programming model for designing and planning a generic multi-source, multi-echelon, capacitated, and sustainable reverse logistics network for WEEE management under uncertainty. The model takes into account both economic efficiency and environmental impacts in decision-making, and the environmental impacts are evaluated in terms of carbon emissions. A multi-criteria two-stage scenario-based solution method is employed and further developed in this study for generating the optimal solution for the stochastic optimization problem. The proposed model and solution method are validated through a numerical experiment and sensitivity analyses presented later in this paper, and an analysis of the results is also given to provide a deep managerial insight into the application of the proposed stochastic optimization model.
Introduction
Today, with rapid technological advancement and economic development, the manufacturing of electrical and electronic products has become one of the most rapidly developing and growing industries [1] [2] [3] . This growth has significantly altered the lifestyle and consumption pattern of human beings [2, 4] . On the one hand, more and more innovative, well-designed, and multi-functional electrical and electronic products are introduced, usually at an attractive price, to make our lives better and more convenient. On the other hand, customers' pursuit of a better lifestyle also leads to an increasingly shortened product life cycle, particularly for electrical and electronic products, which results in rapidly increased generation of Waste Electrical and Electronic Equipment (WEEE) all over the globe. The annual increase of WEEE generation has reached approximately 5% since 2005 [5] , which is almost three times higher than the increase of other waste [6] . In 2012, the WEEE generation in the world is approximately 49 million metric tons [7] , and the three largest markets for electrical and electronic products (the United States, China, and the European Union) together contribute 54.1% of the total amount of WEEE generation [7] . The rapid growth of WEEE generation has become a significant The remainder of the paper is organized as follows. Section 2 provides the problem statement and formulates the stochastic mixed integer programming for the design of a sustainable reverse logistics system for WEEE management under uncertainty. Section 3 introduces the two-stage multi-criteria scenario-based solution method for stochastic optimization problem, and the difference between the improved solution method and the original solution method is presented in this section. Section 4 presents a numerical experiment in order to illustrate the application of the proposed model in the decision-making of reverse logistics system design of WEEE. Section 5 provides sensitivity analyses in order to validate the model with changing parameters. Section 6 concludes the paper and provides suggestions for future research. Figure 1 illustrates the reverse logistics system for WEEE management. The end-of-use and end-of-life electrical and electronic products are first collected at a local WEEE collection center (e.g., retailers of electronic products, supermarkets, public facilities for WEEE collection, etc.), and then will be transported to a regional collection center for preprocessing. At the regional collection center, WEEE are inspected and sorted for further treatment including reuse, recycling, and disposal. It is noteworthy that some electrical and electronic products contain hazardous materials that have to be separated out at this step and sent to specialized hazardous waste treatment plants. The recyclable parts and components from WEEE are sent for reuse and recycling, and the non-recyclable fraction is sent to an incineration plant or a landfill for proper disposal. The recycled products from WEEE will be sold at primary or secondary markets, and the recycled components will be sold to manufacturers of electrical and electronic products for material recovery. The remainder of the paper is organized as follows. Section 2 provides the problem statement and formulates the stochastic mixed integer programming for the design of a sustainable reverse logistics system for WEEE management under uncertainty. Section 3 introduces the two-stage multi-criteria scenario-based solution method for stochastic optimization problem, and the difference between the improved solution method and the original solution method is presented in this section. Section 4 presents a numerical experiment in order to illustrate the application of the proposed model in the decision-making of reverse logistics system design of WEEE. Section 5 provides sensitivity analyses in order to validate the model with changing parameters. Section 6 concludes the paper and provides suggestions for future research. Figure 1 illustrates the reverse logistics system for WEEE management. The end-of-use and end-of-life electrical and electronic products are first collected at a local WEEE collection center (e.g., retailers of electronic products, supermarkets, public facilities for WEEE collection, etc.), and then will be transported to a regional collection center for preprocessing. At the regional collection center, WEEE are inspected and sorted for further treatment including reuse, recycling, and disposal. It is noteworthy that some electrical and electronic products contain hazardous materials that have to be separated out at this step and sent to specialized hazardous waste treatment plants. The recyclable parts and components from WEEE are sent for reuse and recycling, and the non-recyclable fraction is sent to an incineration plant or a landfill for proper disposal. The recycled products from WEEE will be sold at primary or secondary markets, and the recycled components will be sold to manufacturers of electrical and electronic products for material recovery. The proposed mathematical model aims at determining the optimal configuration of the reverse logistics system for WEEE, which includes the locations of regional collection centers and recycling plants, and the material flows between different facilities. Due to the uncertainty, the generation of WEEE, price of recycled products, and price of recycled materials are considered to be stochastic parameters, and the different sources of WEEE and the environmental influence are also taken into account in this model. Therefore, the proposed model is a multi-source, multi-echelon, and capacitated stochastic network optimization problem. In this paper, we use the word "product" to differentiate the sources of WEEE.
Problem Statement and Modeling

The assumptions of the model are given as follows:
 The number and locations of local collection centers, product markets, material markets, and disposal facilities are known.

The potential locations of regional collection centers and recycling plants are known.
The fixed costs, unit transportation costs, and unit processing costs are known.
The capacities of new facilities are predetermined.
The WEEE can be converted at a fixed rate to new products, recycled parts, disposal fractions, and hazardous materials. The proposed mathematical model aims at determining the optimal configuration of the reverse logistics system for WEEE, which includes the locations of regional collection centers and recycling plants, and the material flows between different facilities. Due to the uncertainty, the generation of WEEE, price of recycled products, and price of recycled materials are considered to be stochastic parameters, and the different sources of WEEE and the environmental influence are also taken into account in this model. Therefore, the proposed model is a multi-source, multi-echelon, and capacitated stochastic network optimization problem. In this paper, we use the word "product" to differentiate the sources of WEEE.
• The number and locations of local collection centers, product markets, material markets, and disposal facilities are known.
•
The capacities of new facilities are predetermined. Fixed cost of opening regional collection center at potential location r ∈ R Fx p Fixed cost of opening recycling plant at potential location p ∈ P Cp rl Unit cost at regional collection center r ∈ R for processing product l ∈ L Cp pl Unit cost at recycling plant p ∈ P for processing product
Unit cost at hazardous waste management system h ∈ H PCp s f l Unit price of recycled product l ∈ L at product market f ∈ F in scenario s ∈ S PCm s ml Unit price of recycled product l ∈ L at material market m ∈ M in scenario s ∈ S
Ctr lcr
Transportation cost per unit product l ∈ L from local collection site c ∈ C to regional collection center r ∈ R Ctr lrp Transportation cost per unit recyclable fraction of product l ∈ L from regional collection site r ∈ R to recycling plant p ∈ P Ctr lrd Transportation cost per unit disposed fraction of product l ∈ L from regional collection center r ∈ R to disposal site d ∈ D Ctr lrh Transportation cost per unit hazardous fraction of product l ∈ L from regional collection center r ∈ R to hazardous waste management system h ∈ H Ctr l p f Transportation cost per unit recycled fraction of product l ∈ L from recycling plant p ∈ P to product market f ∈ F Ctr l pm Transportation cost per unit recycled fraction of product l ∈ L from recycling plant p ∈ P to material market m ∈ M Ctr l pd Transportation cost per unit disposed fraction of product l ∈ L from recycling plant
Carbon emissions cap for reverse logistics system for WEEE Col s lc Amount of product l ∈ L collected at local collection site c ∈ C in scenario s ∈ S Capacity rl Capacity of regional collection center r ∈ R for product l ∈ L Capacity pl Capacity of recycling products center
An infinitely large positive number
Carbon emissions per unit capacity for opening a regional collection site r ∈ R Ems p Carbon emissions per unit capacity for opening a recycling plant p ∈ P Ems lcr Carbon emissions for transporting one unit product l ∈ L from local collection site c ∈ C to regional collection center r ∈ R Ems lrp Transportation cost one unit recyclable fraction of product l ∈ L from regional collection site r ∈ R to recycling plant p ∈ P Ems lrd Transportation cost one unit disposed fraction of product l ∈ L from regional collection center r ∈ R to disposal site d ∈ D
Ems lrh
Transportation cost one unit hazardous fraction of product l ∈ L from regional collection center r ∈ R to hazardous waste management system h ∈ H Ems l p f Transportation cost one unit recycled fraction of product l ∈ L from recycling plant p ∈ P to product market f ∈ F Ems l pm Transportation cost one unit recycled fraction of product l ∈ L from recycling plant p ∈ P to material market m ∈ M Ems l pd Transportation cost one unit disposed fraction of product l ∈ L from recycling plant p ∈ P to disposal site d ∈ D Decision variables (First-level):
Potential location of regional collection center r ∈ R is selected in scenario s ∈ S Otherwise
Potential location of recycling plant p ∈ P is selected in scenario s ∈ S Otherwise
Decision variables (Second-level):
Qg s rl Amount of product l ∈ L processed at regional collection center r ∈ R in scenario s ∈ S Qg s pl Amount of recycled fraction of product l ∈ L processed at recycling plant
Amount of hazardous fraction of product l ∈ L processed at hazardous waste management system h ∈ H in scenario s ∈ S Qg s f l Amount of recycled fraction of product l ∈ L sold at product market f ∈ F in scenario s ∈ S Qg s ml Amount of recycled fraction of product l ∈ L sold at material market m ∈ M in scenario s ∈ S Qtr s lcr Amount of product l ∈ L transported from local collection site c ∈ C to regional collection center r ∈ R in scenario s ∈ S Qtr s lrp Amount recycled fraction of product l ∈ L transported from regional collection site r ∈ R to recycling plant p ∈ P in scenario s ∈ S Qtr s lrd Amount of disposed fraction of product l ∈ L transported from regional collection center r ∈ R to disposal site d ∈ D in scenario s ∈ S Qtr s lrh Amount of hazardous fraction of product l ∈ L transported from regional collection center r ∈ R to hazardous waste management system h ∈ H in scenario s ∈ S Qtr s l p f Amount of recycled fraction of product l ∈ L transported from recycling plant p ∈ P to product market f ∈ F in scenario s ∈ S
Qtr s l pm
Amount of recycled fraction of product l ∈ L transported from recycling plant p ∈ P to material market m ∈ M in scenario s ∈ S Qtr s l pd
Total amount of carbon emissions from the reverse logistics system for WEEE The objective function of the mathematical model is given in Equation (1). The first two parts of the equation calculate the facility costs for opening regional collection centers and recycling plants. The third part calculates the processing costs of waste disposal and hazardous waste management. The fourth part determines the profits from selling the recycled products and materials. The fifth, sixth, and seventh parts are the transportation costs of first-level, second-level, and third-level transportation in the reverse logistics system, respectively. The last part calculates the carbon trading costs. Carbon emission is considered as the most important cause of global warming and climate change, so it has been introduced and formulated as the environmental indicator for sustainable supply chain design in many previous studies (e.g., Yu and Solvang [12] , Govindan et al. [38] , Diabat et al. [39] , Kannan et al. [40] , Fahimnia et al. [41] , and Yu et al. [42] ). In this paper, both the economic and environmental sustainability of the reverse logistics of WEEE are taken into account, so the carbon emissions of the reverse logistics activities for WEEE management are quantified by a well-established method: carbon trading [39, 40] and combined with the cost objective. Furthermore, it is noteworthy that the model aims at determining the optimal and most reliable and robust solution through all possible scenarios in the reverse logistics design of WEEE. 
Subject to: 
The constraints of the model are given in Equations (2)- (29) . Equation (2) guarantees all the WEEE collected at the local collection sites is sent for treatment in each scenario. Equation (3) is the flow balance constraint of the first-level transportation. Equation (4) ensures the capacity requirement of regional collection center is fulfilled in each scenario. Equations (5)- (10) are the flow balance constraints of the second-level transportation. Equation (11) guarantees the capacity of recycling plant is not exceeded in each scenario. Equations (12)- (18) are the flow balance constraints of the third-level transportation. Equations (19)- (25) ensure the transportation between two connecting locations cannot happen if the potential locations are not selected for opening the respective facilities. Equation (26) calculates the total amount of carbon emissions of the reverse logistics system for WEEE. Equation (27) regulates when the total carbon emissions of the reverse logistics system for WEEE exceed the carbon emissions cap; an additional cost will be paid for buying the credits of excessive carbon emissions. Herein, it is noteworthy that the model is formulated from the system design perspective but not from a single company perspective, so the profits gained from the selling of the remaining carbon emissions credits to other companies is not taken into consideration in this model. Equations (28) and (29) are the binary constraint and non-negative constraint for the decision variables.
Multi-Criteria Scenario-Based Solution Method
Focusing on the uncertainty issues, a great number of stochastic optimization models are applied in formulating and resolving complex decision-making problems in management science, and the basic idea to resolve a stochastic optimization problem is to convert the original problem into several deterministic optimization problems [43] . Scenario-based solution method is an effective and efficient approach to resolve stochastic optimization problem due to its simplicity and applicability [44, 45] . We employs the multi-criteria scenario-based solution method proposed by Soleimani et al. [37] , and the employed method is further developed in order to have a better adaptation for stochastic In order to solve the aforementioned problems, we improve the multi-criteria scenario-based solution method. First, in our method, coefficient of variation is used to evaluate the reliability and robustness of data dispersion instead of standard deviation, and the managerial meaning of coefficient of variation is introduced. After that, a normalized weighted sum method is applied to aggregate the mean value and coefficient of variation, and the performance of the candidate solutions is evaluated by both expected objective value (mean value) and reliability (coefficient of variation) in order to find the most economic efficient, reliable, and robust solution to the stochastic optimization problem. Standard deviation is an absolute measurement of data dispersion and is heavily affected by the mean value; if the mean value is different, comparison of standard deviation may not be an appropriate way of evaluating the data dispersion, so another indicator, coefficient of variation, is used to evaluate the reliability of the results. Coefficient of variation, alternatively known as coefficient of dispersion, incorporates both the standard deviation and the mean, and is a unitless indicator applied for measuring the relative dispersion of a series of data [47] : As shown in the figure, the test scenarios with respect to uncertain parameters are first generated logically and randomly, and the introduction of the scenario generation for stochastic programming is provided by Kaut and Wallace [44] and Birge and Louveaux [46] . The candidate solutions are determined based upon the calculation of the optimal solutions of each individual scenario. The objective of a stochastic optimization problem is not to find the optimal solution to a single individual scenario but to determine the solution with the optimal overall performance and reliability through all the possible scenarios. Therefore, each candidate solution is tested with all scenarios, and the performance is evaluated through three criteria: mean value, standard deviation, and coefficient of variation.
Mean value is a very important criterion to evaluate the performance of a series of data (in this case, the optimal costs of reverse logistics network of WEEE with respect to the test scenarios); however, more comprehensive evaluation criteria are needed for reliable and robust decision-making in an uncertain environment. In the multi-criteria scenario-based method, it is important to consider how closely the data approach the mean value, and this requires knowledge about the dispersion of data evaluated by standard deviation. Standard deviation is a well-developed and extensively applied tool used for data analysis in many fields-for example, in the manufacturing industry, the quality of a batch of products can be evaluated by standard deviation; a smaller standard deviation shows a better distribution of the product samples around the required quality level. In the solution method developed by Soleimani et al. [37] , the reciprocal of coefficient of variation is applied to connect the mean value and the standard deviation and to determine the optimal solution of the stochastic programming. The basic idea for this solution method is to simultaneously maximize the profit of the supply chain (mean value) and the reliability and robustness of data dispersion or the risk (standard deviation); however, this method has two drawbacks from both mathematical and managerial perspectives.
(1) From a mathematical perspective, Soleimani et al.'s method is only capable of solving the max-min and min-max problems [37] . For example, it is able to resolve the problem considering the maximum profit and the minimum risk or maximum reliability of the supply chain. However, for the problem formulated in this paper, which is a min-min problem aiming at determining the minimum costs and minimum data dispersion, this solution method is ineffective. (2) From a managerial perspective, the managerial meaning of coefficient of variation and its reciprocal are associated with the relative data dispersion compared with the absolute data dispersion determined by standard deviation, but it is not a dedicated tool for determining the optimal solution of a stochastic optimization problem. The theoretical justification of Soleimani et al.'s method [37] is not strong enough to enable comprehensive managerial interpretation. Furthermore, the data dispersion evaluated by standard deviation is significantly affected by the mean value, and this may lead to misinterpretation of the real shape of data dispersion.
In order to solve the aforementioned problems, we improve the multi-criteria scenario-based solution method. First, in our method, coefficient of variation is used to evaluate the reliability and robustness of data dispersion instead of standard deviation, and the managerial meaning of coefficient of variation is introduced. After that, a normalized weighted sum method is applied to aggregate the mean value and coefficient of variation, and the performance of the candidate solutions is evaluated by both expected objective value (mean value) and reliability (coefficient of variation) in order to find the most economic efficient, reliable, and robust solution to the stochastic optimization problem.
Standard deviation is an absolute measurement of data dispersion and is heavily affected by the mean value; if the mean value is different, comparison of standard deviation may not be an appropriate way of evaluating the data dispersion, so another indicator, coefficient of variation, is used to evaluate the reliability of the results. Coefficient of variation, alternatively known as coefficient of dispersion, incorporates both the standard deviation and the mean, and is a unitless indicator applied for measuring the relative dispersion of a series of data [47] :
Equation (30) illustrates the calculation of coefficient of variation; compared with standard deviation, coefficient of variation can better present the relative data dispersion with respect to different mean values. For example, two types of components (A and B) are inspected through quality control; the mean value of the weight of components A and B are 10 kg and 2 kg, and the standard deviation of the test samples of components A and B are 0.5 kg and 0.3 kg, respectively. Even though the standard deviation of component A is larger than that of component B, the coefficient of variation of component B (0.15) is three times that of component A (0.05), which means the quality of test samples of component A is much better due to the more centered data distribution relative to its mean value.
The optimal solution of the stochastic optimization problem is the one with the lowest expected objective costs (mean value) and the most reliable performance (coefficient of variation), but the best performance of those two objectives is usually not obtained in the same candidate solution. It is important to incorporate both criteria in the design of a reverse logistics system for WEEE. In this paper, we use the weighted sum method to combine the two criteria for selecting the optimal solution of the stochastic optimization problem, and this enables interactions between the subjective input from decision-makers (weight of each criterion) and the objective values of system performance. Furthermore, it is noted that, because of the different measures of units, the two evaluation criteria, mean value and coefficient of variation, are first normalized, as shown in Equation (31):
In Equation (31), Mean min and Coe f f icient o f variation min are minimum achievable values of the mean and coefficient of variation, and Mean cand. and Coe f f icient o f variation cand. are the mean and coefficient of variation of each candidate solution. Through the improvement of the multi-criteria scenario-based solution method, the two drawbacks of the original method can be properly resolved. First, the evaluation of data dispersion by coefficient of variation is a better indicator for the reliability and robustness of reverse logistics system design of WEEE compared with standard deviation. Second, from a mathematical perspective, the introduction of normalized weighted sum method enables the multi-criteria scenario-based solution method to resolve not only max-min and min-max but also min-min and max-max stochastic optimization problems. Third, the improved solution method provides a more reasonable aggregation of the expected optimal value and the reliability, which enables better interpretation of the result.
Numerical Experiment
In order to illustrate the applicability of the proposed stochastic optimization programming and the improved solution method in the design and planning of a reverse logistics system for WEEE, a numerical experiment is performed in this section. The numerical experiment includes 10 local collection sites, 5 potential locations for regional collection centers, 5 potential locations for recycling plants, 1 hazardous waste management system, 2 disposal sites, 3 product markets, and 3 material markets. The relevant parameters used in the numerical experiment are randomly generated in a uniformly distributed interval, as shown in Table 1 .
In the numerical experiment, the collected WEEE is categorized into three types: Type-A, Type-B, and Type-C. Table 2 illustrates the unit pre-processing costs, unit recycling costs, conversion rate, and capacity at the respective facilities of each type of WEEE. In addition, the unit cost for buying the carbon credits of excessive carbon emissions is 0.000025 USD/g, and the carbon emissions cap for the reverse logistics system for WEEE is 5,000,000 g. It is noteworthy that the units used in the numerical experiment aim mainly at giving readers a better understanding of the applicability of the model, and different measures of units may be applied in the design and planning of the reverse logistics system for WEEE with specific requirements. In the stochastic optimization model for the design of reverse logistics system for WEEE, the amount of WEEE collected at local collection sites, the price of recycled products, and the price of recycled materials are considered to be uncertain parameters, so several scenarios are generated logically with respect to those uncertain parameters. The basic scenario s0 is the deterministic one with the mean values of the uncertain parameters (Col s0 ac = 550 tons, Col s0 bc = 1500 tons, Col s0 cc = 1500 tons, PCp s0 f a = 250 USD/ton, PCp s0 f b = 200 USD/ton, PCp s0 f c = 200 USD/ton, PCm s0 ma = 125 USD/ton, PCm s0 mb = 150 USD/ton, and PCm s0 mc = 150 USD/ton). For creating the test scenarios, we randomly generated two scenarios for the amount of WEEE collected at local collection sites, two scenarios for the price of recycled products, and two scenarios for the price of recycled materials based upon the uniformly distributed intervals. In total, eight test scenarios (s1, s2, s3, s4, s5, s6, s7, and s8) are generated through the combination of the possibilities of different uncertain parameters.
In addition to the basic and test scenarios, we also generated two benchmarking scenarios: the best-case scenario and the worst-case scenario. In the best-case scenario, the amount of WEEE collected at local collection sites reaches its lower limit while the prices for both recycled products and materials achieve their upper limits (Col s9 ac = 500 tons, Col s9 bc = 1000 tons, Col s9 cc = 1000 tons, The stochastic programming model is coded in Lingo 11.0 optimization package and the computation of all scenarios is performed on a personal laptop with Intel Core2 duo 2.52 GHz CPU and 4 GB RAM with Windows 7 operating system. At first, the optimal solutions of each individual scenario are calculated as the candidate solutions of the stochastic optimization problem. The problem of each scenario includes 632 decision variables, of which 10 are integers, and all the scenarios can be resolved within 30 s. Figure 3 shows the optimal solutions of each individual scenario. As illustrated in the figure, the range of the solution area is 21,411,780 USD (71%), defined by the best-case scenario s9 and the worst case scenario s10. However, when the extreme conditions s9 and s10 are not taken into account, the range of the optimal solutions of the test scenarios (s0-s8) is significantly reduced to 1,429,750 USD (4%). In this case, the mean value is 35,996,637 USD, which leads to a relatively fair distribution of the optimal solutions: s1, s2, s3, and s4 have better performance, while s0, s5, s6, s7, and s8 are slightly below the mean value.
In
USD/ton, and = 150 USD/ton). For creating the test scenarios, we randomly generated two scenarios for the amount of WEEE collected at local collection sites, two scenarios for the price of recycled products, and two scenarios for the price of recycled materials based upon the uniformly distributed intervals. In total, eight test scenarios (s1, s2, s3, s4, s5, s6, s7, and s8) are generated through the combination of the possibilities of different uncertain parameters.
In addition to the basic and test scenarios, we also generated two benchmarking scenarios: the best-case scenario and the worst-case scenario. In the best-case scenario, the amount of WEEE collected at local collection sites reaches its lower limit while the prices for both recycled products and materials achieve their upper limits ( = 500 tons, = 1000 tons, = 1000 tons, = 300 USD/ton, = 250 USD/ton, = 250 USD/ton, = 150 USD/ton, = 200 USD/ton and = 200 USD/ton); this means the reverse logistics system deals with the minimum amount of WEEE with the highest selling price from the recycled products and materials. In the worst-case scenario, the setting of uncertain parameters is an opposite manner ( = 600 tons, = 2000 tons, = 2000 tons, = 200 USD/ton, = 150 USD/ton, = 150 USD/ton, = 100 USD/ton, = 100 USD/ton and = 100 USD/ton). The stochastic programming model is coded in Lingo 11.0 optimization package and the computation of all scenarios is performed on a personal laptop with Intel Core2 duo 2.52 GHz CPU and 4 GB RAM with Windows 7 operating system. At first, the optimal solutions of each individual scenario are calculated as the candidate solutions of the stochastic optimization problem. The problem of each scenario includes 632 decision variables, of which 10 are integers, and all the scenarios can be resolved within 30 s. Figure 3 shows the optimal solutions of each individual scenario. As illustrated in the figure, the range of the solution area is 21,411,780 USD (71%), defined by the best-case scenario s9 and the worst case scenario s10. However, when the extreme conditions s9 and s10 are not taken into account, the range of the optimal solutions of the test scenarios (s0-s8) is significantly reduced to 1,429,750 USD (4%). In this case, the mean value is 35,996,637 USD, which leads to a relatively fair distribution of the optimal solutions: s1, s2, s3, and s4 have better performance, while s0, s5, s6, s7, and s8 are slightly below the mean value. As many have argued (e.g., [48, 49] ), with the increase of the number of scenarios generated in a stochastic optimization problem, the improvement in the benefits and robustness of the optimal result is relatively limited, but the computational time needed will be drastically increased. Based upon the aforementioned discussion, even though the number of test scenarios generated in the As many have argued (e.g., [48, 49] ), with the increase of the number of scenarios generated in a stochastic optimization problem, the improvement in the benefits and robustness of the optimal result is relatively limited, but the computational time needed will be drastically increased. Based upon the aforementioned discussion, even though the number of test scenarios generated in the numerical experiment is not very large, they can still represent the solution interval in an effective and efficient manner. In addition, it is observed that, with respect to the test parameters, the facility costs take the most significant share in the overall system costs, and the transportation costs and profits obtained from selling the recycled products and materials are the second and third largest contributor, respectively. However, the contribution of carbon costs is relatively insignificant compared with other types of costs in this example.
The candidate solutions represent the best performance that can be achieved in each individual scenario, but our objective is to find the optimal and most reliable and robust solution through all the possible scenarios. Therefore, the performance of each candidate solution is tested through all the test scenarios; in this example, each candidate solution is calculated 11 times for scenarios s0-s10, so in total 121 calculations are performed in this step. The result is presented in Appendix A (Table A1) , and Figure 4 illustrates the comparison of the performance of each candidate solution through four criteria: optimal costs, mean costs, standard deviation, and coefficient of variation. Based on the computational results of the example, some managerial implications are discussed as follows.
(1) As shown in Figure 4a , the best solution of individual optimal costs is achieved in scenario s5
with the lowest system costs of 35,306,520 USD. The optimal cost of the deterministic scenario s0 is the median of the problem, and the optimal costs of scenarios s1, s2, s3, s4, and s10 are higher than the median value, while scenarios s5, s6, s7, s8, and s9 have a better performance in their individual optimal costs. (2) As shown in Figure 4b , when the candidate solutions are evaluated through all the test scenarios, the best solution of the mean costs is 36,997,582 USD, achieved in scenario s4, and the worst solution is found for scenario s1, with 37,107,575 USD. It is noteworthy that, in terms of the mean costs, the performance of scenarios s2, s3, s4, s6, s8, and s9 is close to the best performance. Furthermore, it is also observed that the change of mean costs is not correlated to the change of optimal individual costs, which means the better optimal individual costs may not lead to a better overall economic performance in most cases. (3) As shown in Figure 4c , when the candidate solutions are evaluated by standard deviation, the best solution is obtained via scenario s1, with the lowest standard deviation at 4,837,063.5 USD, which is far better than the other candidate solutions. This illustrates that the result of candidate solution s1 tested with all possible scenarios has a more centered distribution around the mean value. (4) As shown in Figure 4d , in terms of the performance of the coefficient of variation, the best solution is obtained in scenario s2, with the lowest value of coefficient of variation at 0.1303524, which is far better than the other candidate solutions. The second best solution in terms of the coefficient of variation is achieved in scenario s7. Figure 4d , it is observed that the change of the performance of candidate solutions with respect to standard deviation and coefficient of variation is quite similar, and the influence of the mean costs seems insignificant in this example. This result can be explained by the significant difference in the ranges of mean values and standard deviation. The range of the mean value is only 0.3%, which means the difference between the best and the worst solution is not significant. However, the range between the best solution and the worst solution in standard deviation is 7.2%, which is 24 times higher than that of the mean value, so standard deviation has a much more significant influence on coefficient of variation in this example. (6) In this example, Mean min is 36,997,582 USD, obtained from candidate solution s4, and Coe f f icient o f variation min is 0.1303524, obtained from candidate solution s1. W M and W C denote the weight of the mean and coefficient of variation in the evaluation of the overall performance of the reverse logistics system for WEEE, which reflects the relative importance of the expected objective value and reliability in decision-making. In this example, we test the same weights of the mean (0.5) and coefficient of variation (0.5), and the optimal result is 1.001486, achieved at candidate solution s1; the second and third best solutions equal 1.032073 and 1.035218, obtained through candidate solutions s7, s0 and s10 (s0 and s10 have the same value), respectively. When the optimal overall performance is obtained at candidate solution s1, potential locations r1 and r5 are selected for opening WEEE regional collection centers and potential locations p4 and p5 are selected for opening WEEE recycling plants.
the largest share in the overall system costs. Candidate solution s1 has the least reliable performance in the profits gained from the selling of recycled products and materials. With respect to the environmental impacts, candidate solutions s0, s9, and s10 show a more reliable performance than the other candidate solutions. The results reveal that the change in the reliability of individual cost components may not be consistent with that of the overall cost reliability. In this section, sensitivity analysis with respect to the change of combination of weights is performed, and the result is shown in Table 3 . The weight of expected objective value increases from 0 to 1 by steps of 0.1, and the weight of reliability decreases in the opposite way. As illustrated in the table, candidate solution s1 has the optimal overall performance through most scenarios with different combinations of weights (expect the last one) due to its high reliability (lowest coefficient of variation). It is noteworthy that the optimal solution of this example is similar to the calculation with our solution method and Soleimani et al.'s solution method [37] . However, with the increase in the weight of the mean value, the second and third best solutions may change significantly. For example, when equals 0.9 and equals 0.1, the second best solution is 1.007059, obtained in candidate solution s4, and the third best solution is 1.007070, obtained at We are also interested in the reliability of different cost components, and Figure 5 shows a comparison of the performance of facility costs, transportation costs, profits obtained from selling the recycled products and materials, and carbon costs in the candidate solutions tested through all possible scenarios. As presented in the figure, we cannot observe a great change in the coefficient of variation in different cost components through most of the candidate solutions. Candidate solution s7 outperforms itself compared with other candidate solutions in the facility costs, which account for the largest share in the overall system costs. Candidate solution s1 has the least reliable performance in the profits gained from the selling of recycled products and materials. With respect to the environmental impacts, candidate solutions s0, s9, and s10 show a more reliable performance than the other candidate solutions. The results reveal that the change in the reliability of individual cost components may not be consistent with that of the overall cost reliability. candidate solution s2. This illustrates that the subjective weight combination determined by the decision-makers may significantly affect the optimal result of the stochastic optimization problem. In this section, sensitivity analysis with respect to the change of combination of weights is performed, and the result is shown in Table 3 . The weight of expected objective value W M increases from 0 to 1 by steps of 0.1, and the weight of reliability W C decreases in the opposite way. As illustrated in the table, candidate solution s1 has the optimal overall performance through most scenarios with different combinations of weights (expect the last one) due to its high reliability (lowest coefficient of variation). It is noteworthy that the optimal solution of this example is similar to the calculation with our solution method and Soleimani et al.'s solution method [37] . However, with the increase in the weight of the mean value, the second and third best solutions may change significantly. For example, when W M equals 0.9 and W C equals 0.1, the second best solution is 1.007059, obtained in candidate solution s4, and the third best solution is 1.007070, obtained at candidate solution s2. This illustrates that the subjective weight combination determined by the decision-makers may significantly affect the optimal result of the stochastic optimization problem. 
Sensitivity Analysis
We are interested in the influence of the change of some key parameters in the design of reverse logistics system for WEEE, and two sensitivity analyses (SA and S-B) are performed in this section. The facility capacity limitation is the bottleneck of the reverse logistics system for WEEE in the previous section. The literature has shown that facility expansion at the same location is much more efficient in dealing with increased customer demand than opening new facilities [50] . Therefore, in the first sensitivity analysis S-A, we increase the facility capacity of different types of WEEE by 100% at regional collection centers and recycling plants, and the fixed facility costs are increased by 40% due to the increase in the resources invested in facility expansion, i.e., equipment, personnel, etc.
The result of sensitivity analysis S-A is illustrated in Appendix B (Table B1) , Figures 6 and 7 , and Table 4 . As illustrated in the figures and tables, the overall system costs are reduced by approximately 15% compared with the result of the previous numerical experiment, the optimal mean value is achieved at candidate solution s0, and the optimal coefficient of variation is obtained at candidate solution s9. When the weights of expected objective value and reliability are identical, the optimal solution is 1.002680, obtained at candidate solution s9, potential location r1 is selected to open the regional collection center, and potential location p5 is selected for the new recycling plant. It is noteworthy that, with the increase in facility capacity, only two new facilities are opened in sensitivity analysis S-A for the treatment of WEEE, and the overall facility costs are significantly reduced due to the decreased number of facilities opened, even though the fixed operating costs of each individual facility increase by 40%. This result has revealed the effectiveness of capacity expansion at existing facilities. Compared with opening new facilities, the possible capacity expansion may drastically reduce the overall system costs due to the cost savings from construction, aggregation of transportation, and economy of scale. This result is valuable for decision-making about reverse logistics system design and planning for treating the increased amount of WEEE, particularly from a long-term perspective.
Compared with other types of costs, the carbon emissions costs are relatively insignificant in the overall system costs of the reverse logistics system for WEEE. We are interested in finding out whether a more stringent environmental policy can play an important role in the design of a reverse logistics system for WEEE. In the second sensitivity analysis S-B, two changes are made to minimize the environmental impacts of the reverse logistics system for WEEE. First, the carbon cap is reduced to 0, which means all the carbon emissions from the reverse logistics system will be charged. In addition, the unit cost for buying carbon credits is increased 10 times, which means much more will be paid for the carbon emissions. Sensitivity analysis S-B is conducted to test the result of the problem in an extreme condition in which environmental sustainability is made one of the first priorities, and it can be used for policy-making and a reconfiguration of the reverse logistics system in the coming years. 
The result of sensitivity analysis S-A is illustrated in Appendix B (Table B1) , Figures 6 and 7, and Table 4 . As illustrated in the figures and tables, the overall system costs are reduced by approximately 15% compared with the result of the previous numerical experiment, the optimal mean value is achieved at candidate solution s0, and the optimal coefficient of variation is obtained at candidate solution s9. When the weights of expected objective value and reliability are identical, the optimal solution is 1.002680, obtained at candidate solution s9, potential location r1 is selected to open the regional collection center, and potential location p5 is selected for the new recycling plant. It is noteworthy that, with the increase in facility capacity, only two new facilities are opened in sensitivity analysis S-A for the treatment of WEEE, and the overall facility costs are significantly reduced due to the decreased number of facilities opened, even though the fixed operating costs of each individual facility increase by 40%. This result has revealed the effectiveness of capacity expansion at existing facilities. Compared with opening new facilities, the possible capacity expansion may drastically reduce the overall system costs due to the cost savings from construction, aggregation of transportation, and economy of scale. This result is valuable for decision-making about reverse logistics system design and planning for treating the increased amount of WEEE, particularly from a long-term perspective. Compared with other types of costs, the carbon emissions costs are relatively insignificant in the overall system costs of the reverse logistics system for WEEE. We are interested in finding out whether a more stringent environmental policy can play an important role in the design of a reverse logistics system for WEEE. In the second sensitivity analysis S-B, two changes are made to minimize the environmental impacts of the reverse logistics system for WEEE. First, the carbon cap is reduced to 0, which means all the carbon emissions from the reverse logistics system will be charged. In addition, the unit cost for buying carbon credits is increased 10 times, which means The result of the sensitivity analysis S-B is illustrated in Appendix B (Table B2) , Figures 8 and 9 , and Table 5 . As shown in the figures and tables, the stringent environmental requirements lead to much higher overall costs for the reverse logistics system for WEEE due to the great increase in carbon emissions costs. The optimal mean value and coefficient of variation are obtained at candidate solutions s0 and s9, respectively. When equals 0.5 and equals 0.5, the optimal solution is 1.004995, achieved at candidate solution s9, and potential locations r1 and p5 are selected for new facilities. The facility selection is the same as that in sensitivity analysis S-A, which shows the consistency between economic efficiency and environmental impact. In other words, an optimal and reliable configuration of a reverse logistics system for WEEE through location optimization and transportation aggregation may bring both economic and environmental benefits. The result of the sensitivity analysis S-B is illustrated in Appendix B (Table B2) , Figures 8 and 9 , and Table 5 . As shown in the figures and tables, the stringent environmental requirements lead to much higher overall costs for the reverse logistics system for WEEE due to the great increase in carbon emissions costs. The optimal mean value and coefficient of variation are obtained at candidate solutions s0 and s9, respectively. When W M equals 0.5 and W C equals 0.5, the optimal solution is 1.004995, achieved at candidate solution s9, and potential locations r1 and p5 are selected for new facilities. The facility selection is the same as that in sensitivity analysis S-A, which shows the consistency between economic efficiency and environmental impact. In other words, an optimal and reliable configuration of a reverse logistics system for WEEE through location optimization and transportation aggregation may bring both economic and environmental benefits. The result of the sensitivity analysis S-B is illustrated in Appendix B (Table B2) , Figures 8 and 9 , and Table 5 . As shown in the figures and tables, the stringent environmental requirements lead to much higher overall costs for the reverse logistics system for WEEE due to the great increase in carbon emissions costs. The optimal mean value and coefficient of variation are obtained at candidate solutions s0 and s9, respectively. When equals 0.5 and equals 0.5, the optimal solution is 1.004995, achieved at candidate solution s9, and potential locations r1 and p5 are selected for new facilities. The facility selection is the same as that in sensitivity analysis S-A, which shows the consistency between economic efficiency and environmental impact. In other words, an optimal and reliable configuration of a reverse logistics system for WEEE through location optimization and transportation aggregation may bring both economic and environmental benefits. The results of the illustrative example and sensitivity analyses clearly show the difference in the computation of the optimal solution of the stochastic optimization problem between the improved multi-criteria scenario-based solution method and the original solution method developed by Soleimani et al. [37] . In some cases, similar results may be obtained with both methods, but different results are achieved in most cases. This reveals that the multi-criteria scenario-based solution method developed in this paper has a better applicability for stochastic optimization problems, especially for min-min or max-max problems. Furthermore, our solution method provides more comprehensive managerial interpretation for the evaluation of the reliability and robustness of data dispersion. The results of the illustrative example and sensitivity analyses clearly show the difference in the computation of the optimal solution of the stochastic optimization problem between the improved multi-criteria scenario-based solution method and the original solution method developed by Soleimani et al. [37] . In some cases, similar results may be obtained with both methods, but different results are achieved in most cases. This reveals that the multi-criteria scenario-based solution method developed in this paper has a better applicability for stochastic optimization problems, especially for min-min or max-max problems. Furthermore, our solution method provides more comprehensive managerial interpretation for the evaluation of the reliability and robustness of data dispersion. 
Conclusions
Today, the increased public concern about sustainable development and more stringent environmental regulations have become important driving forces for value recovery from end-of-life and end-of use products through reverse logistics. This paper presents a novel stochastic mixed integer programming model for the design of a generic multi-source, multi-echelon, and capacitated reverse logistics system for WEEE in an economic efficient and environmental friendly manner. The model aims at minimizing the overall costs of the reverse logistics system for WEEE through location optimization and transportation planning, and the amount of WEEE generated at local collection sites, price of recycled products, and recycled materials are considered as uncertain parameters. Furthermore, the model takes into account the environmental impacts of reverse logistics; in this paper, the environmental impacts are evaluated in terms of carbon emissions costs. The proposed stochastic optimization model is resolved with an improved multi-criteria scenario-based solution method and coded in Lingo 11.0 optimization solver, and a numerical example and sensitivity analyses are conducted in order to illustrate the application of the model and provide managerial insights for decision-making. The main contributions of the paper are summarized as follows:
(1) The paper provides a novel stochastic optimization model for the design of a generic reverse logistics system for WEEE. Reverse logistics is characterized as having a high level of uncertainty, so the modelling and formulation of some uncertain parameters are of significant importance. (2) Compared with previous mathematical models, the model proposed in this paper considers the environmental impacts of the reverse logistics system for WEEE, and the minimization of carbon emissions is also a very important consideration of the model. (3) The model is resolved with the multi-criteria scenario-based solution method in order to find the most economically efficient and reliable solution to the stochastic optimization problem. The expected objective value and reliability are evaluated by the mean and coefficient of variation, and normalized weighted sum formulation is applied to combine the two evaluation criteria. The solution method enables interactions between the subjective evaluation from the decision makers and the objective system values, so the result achieved is more reliable and robust. In addition, our improved solution method also resolves the deficiencies of the original solution method, and is capable of solving min-min and max-max optimization problems. In addition, the managerial meaning of the solution method is explicitly explained in this paper. (4) The numerical experiment and sensitivity analyses provide valuable managerial insights into the design of a reverse logistics system for WEEE. For example, capacity expansion at existing facilities may be a more economically efficient way for dealing with an increased amount of WEEE, and both economic and environmental performance may be improved simultaneously with location optimization and transportation aggregation. In addition, the managerial insight from the system design and planning of a reverse logistics network of WEEE may also provide valuable information for the government in determining a subsidy scheme for companies performing WEEE treatment.
For further development of this research, four suggestions are proposed. First, for large sized stochastic mixed integer programming, some advanced solution methods, i.e., meta-heuristic [51, 52] , should be developed and applied to the design of a reverse logistics system for WEEE in order to improve the computational efficiency and effectiveness. Second, the model may be further developed into a multi-objective programming model in order to take into account more comprehensive considerations in the design of the reverse logistics system for WEEE, i.e., risk [53] [54] [55] [56] [57] , saving of resources [42] , etc. Third, the model is developed primarily for addressing the general characteristics of the reverse logistics system for WEEE from a strategic perspective; however, some specific technologies are used in the sorting and recycling processes of WEEE, so future research may focus on the economic efficiency and environmental impacts of those specific technologies for the processing and treatment of WEEE. Fourth, the application and validation of the proposed stochastic optimization model with a real-world case study of the design and planning of the reverse logistics system for WEEE will be expected in the future.
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Appendix A. Computational Results of Numerical Example
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